There is a requirement for predictive tools to assist in land management and flood risk planning, and a variety of tools have been proposed recently. We compare four tools developed under various UK research programmes. The strengths and limitations of the tools are reviewed, model performances on historic data are assessed, and the methods are applied to estimating flood flows of 5-and 10-year return periods, and flow peaks under both recent land management conditions and speculative scenarios (grazing intensification and tree planting), using the Pontbren catchment, UK as a case study. Overall, the models agree on the direction of change, so that heavy grazing increases, and afforestation and tree strips decrease the flood flows. However, the estimated effects vary significantly between methods. It is concluded that method selection needs to carefully consider the type and scale of land management scenario being examined, and the sources of data available to support the modelling. Using an ensemble of suitable models is proposed as a useful way to represent a multi-expert opinion and to characterise the structural error associated with a single model.
INTRODUCTION
In hydrological modelling, representation of land management effects (for simplicity in this paper, 'land management' is used to include both changes to land use and the way a particular land use is managed) still remains a fundamental challenge. This is because there are few or no data on how the relevant changes affect either local- Moreover, irrespective of the type of model, or the method used to estimate model parameters, there is uncertainty associated with assumptions in the model structure.
Due to model structural uncertainty and errors in both physics-based and conceptual models, an individual deterministic prediction of land management effects may not be considered reliable, therefore ideally multiple perceptions about a hydrological system would be inspected, in the form of different perceptual models and/or parameterisations. This may be approached by using an ensemble of significantly different models, reflecting different expert opinions on the best way to conceptualise the system and its changes. The ensemble of predictions may be treated in two ways: (1) a model 'averaged' prediction is derived, potentially including weights to reflect the relative believability of the models, for example, related to their previous performances (Neuman ; Ye et al. ); and/or (2) the prediction ensemble is explicitly reported without weighting or averaging (IPCC ; Huisman et al. ).
The first approach, while being simpler to report and interpret, requires the chosen models and their weights to be adequately representative of the joint probability distribution of models to give an accurate estimate of the average. When such conditions are not met the 'averaged' prediction might perform less skillfully than the most skillful model in the ensemble (Winter & Nychka ) . The second approach, recognising that any statistics such as the average may be poor estimates, illustrates the full sample of results, and allows propagation of model structural uncertainty into the forecasts representing all available (perhaps, diverse) interpretations of system behaviour.
In this paper we estimate land management effects on Method 1 any available runoff measurements may be integrated), so that they may be applied to ungauged catchments and land management scenario analysis. The objective of this paper is to critically review these different approaches to land management impacts analysis, including assessing their underlying principles, their performance on test gauged catchments, and reviewing the range of predictions they produce when used for scenario analysis. 
REVIEW OF FOUR MODELLING APPROACHES TO LAND MANAGEMENT EFFECTS ESTIMATION
In this section, the assumptions, limitations and strengths of the above-mentioned four methods of land management effects estimation are described and discussed. The general issues with the methods are covered here -additional assumptions which are specific to the case study are covered later in the paper.
Method 1: a meta-modelling approach
The procedure is based on using a detailed, physics-based model to formalise local hydrological knowledge about pro- Main assumptions of Method 1
• The physics-based model has no significant structural error so that all uncertainty can be represented as parameter uncertainty.
• Response units can be treated as hydrologically disconnected units, shedding water directly to the channel network.
• The chosen conceptual model is capable of adequately capturing the physics-based model response (an ensemble of conceptual models could be used, but this has not yet been applied).
Main limitations of Method 1
• The computational expense limits the size and number of the response units considered, and the number of Monte
Carlo samples used to represent uncertainty.
• If the physics-based model uncertainty is to be fully constrained, it is expected that a significant amount of data will be needed (for example, soil moisture, drain and overland flows, physical characteristics and their change). The capability of this approach when relying entirely on prior knowledge is a topic of ongoing research.
Main strengths of Method 1
• Prediction uncertainty is estimated.
• A physics-based model allows physical changes to the soil and vegetation properties to be translated directly to changes in model parameters, rather than relying on speculative changes or regionalised values.
• The method can be applied to any land management change. This includes the ability to represent the effect of spatial positioning of small-scale land management features (e.g. tree strips or localised surface water storage features).
• The meta-model is conditioned on local-scale infor- • The response can be captured by the chosen rainfallrunoff model structure.
Main limitations of this Bayesian approach
• Small-scale land management changes are difficult to evaluate, because regionalised indices are typically derived from catchment-scale data.
• Regionalised data on land management effects are not available for the UK; validity of (transformed) relationships from the USA is an implicit assumption.
• Estimates of the joint probability distribution of the regionalised indices are required (which in the case of a multivariate normal distribution would be described by the expected values and a covariance matrix); because this information is seldom given in available databases, this may require some judgement on behalf of the modeller.
Main strengths of this Bayesian approach
• Relative to a physics-based approach, the parameter estimation is straightforward and computationally efficient, because of the explicitly defined likelihood function and relative simplicity of the model.
• The method has the capability to represent a large variety of land management scenarios, for example different agricultural land uses and management practices, different types of forest and urbanisation. Main assumptions of Method 3
• The combination of climate, land management and soil type under investigation can be adequately captured by the 68 agroclimatic areas of Smith ().
• The physically-based soil hydrology parameters in the WaSim model can be adequately characterised by the most extensive soil series within the HOST soil class.
• Land management types are uniformly distributed across compatible HOST soil types within a policy unit (this assumption is required to facilitate the spatially lumped model). WaSim can be parameterised using physical properties representative for each HOST type soils thereby not requiring parameter calibration.
• As for Method 2 above, the CN system, originating from data from the mid-west USA, can adequately represent conditions in England and Wales (see Bulygina et al. ).
• Catchment hydrological response can be captured by the lumped WaSim model, and the impacts of the spatial distribution for responses within the catchment, are negligible.
Main limitations of the CFMP tool
• Continuous hydrological predictions are not available, thereby not allowing land management effects estimation on different hydrograph aspects (i.e. time to peak, peak flow rate).
• The results given are for T-year daily maxima, rather than sub-daily maxima.
• Uncertainty in predictions is not quantified.
Main strengths of the CFMP tool
• Computational efficiency and ease of use (implemented as a MS Excel spreadsheet).
• A reasonably large number of scenarios (improved grassland, cereals, horticulture/non-cereal, semi-natural vegetation, and woodland; covering a range of return periods) can be explored for any catchment in England and Wales. 
Main assumptions of Method 4
• The 39 catchments used to develop the regression equations provide sufficient information about the variability of responses.
• The lack of consideration of parameter inter-dependence in the multiple linear regressions does not prevent useful parameter sets being estimated.
• Hourly catchment response can be captured, and land management effects estimated using the four-parameter lumped model.
Main weaknesses of the regression-based regionalisation
• Uncertainty in predictions is not quantified (parameter error covariance is not estimated).
• Only two types of land management are directly represented by inputs to the regression equations:
grassland, and urban area. To account for an additional land management type -heavy grazing -speculative changes to BFI and SPR are made.
Regression-based regionalisation strengths
• Computationally inexpensive.
• The simple model and published regression equations allow the method to be implemented easily without necessarily having access to the original tool.
APPLICATION OF THE MODELLING APPROACHES: THE PONTBREN CASE STUDY
The four methods are applied to the Pontbren catchment to test performance in replicating observed flows, and to evaluate effects of different land management change scenarios, in terms of changes in flood frequency distributions, and peak flows.
The Pontbren catchment description
The models are applied to five gauged subcatchments of the the CFMP method is not tested in this way because it evaluates changes in daily flows for different return periods, and it does not report time series of flow.
Four measures of performance are considered:
1. Nash-Sutcliffe efficiency (NS).
2. Nash-Sutcliffe efficiency for log-transformed flows (NSlog). 
Land management scenarios
Four different scenarios were considered: (1) current land management, (2) heavy grazing over the whole catchment area, (3) complete afforestation with deciduous trees, and (4) deciduous tree strips on fields under improved grassland.
The tree strips are assumed to occupy 12% of field area, which is typical within Pontbren ( Jackson et al. ).
Method 1 is capable of explicit positioning of the strip at Method 4 is designed to represent three types of land management only: grassland, urban, and heavy grazing, and therefore it was not used for scenarios 3 and 4. Results are presented as relative changes from those under the existing land management.
Following performance assessment, the effects on T-year floods are assessed. Using the 20-year series of rainfall from Cefn Coch, a time-series of runoff was generated by Methods 1, 2 and 4. For the four land management scenarios listed above, a log-normal distribution was fitted to each simulated annual daily maxima series. In each case, the log-normal hypothesis was accepted on the 95% confidence level using the Kolmogorov-Smirnov test. The 5-and 10-year return period flood peaks were estimated using the fitted distribution (longer return periods were not assessed because only 20 years of data were available). Method 3 reports relative changes in daily T-year floods (Hess et al. ); hence results from all four methods could be compared.
To further evaluate land management impacts on peak flows, the largest simulated flow event (20 December 1991) was modelled under the four scenarios, using all methods but Method 3 (as it does not report time-series results). The effects were estimated at all five gauges, but results are presented below only for gauges 6 and 9 because these two gauges have the most significantly different soil/ land management properties (see Table 2 ). Method 1 is demonstrated for gauge 6 only, because the physics-based models which underlie this approach were not developed for the soil types contributing to gauge 9 (Wheater et al.
).

RESULTS AND DISCUSSION
Performance assessment on observed flows 2007) are shown in Figure 2 . Methods 1 and 4 tend to overpredict the peak flow. Method 2 provides much wider prediction bounds than the meta-modelling approach (see also average prediction bound width for Methods 1 and 2
in Table 4 ). Method 3 is not assessed here, since it only provides relative changes for T-year floods. Interestingly, the performance of Methods 2 and 4 drops significantly for gauge 7 (according to NSlog and Bias measures), even though the area draining into gauge 7 is similar to the area draining to gauge 6 (Table 2 ). This might be because the bed-mounted acoustic Doppler velocity meter used as gauge 7 was less reliable, especially for low flows, than that used as gauge 6 (McIntyre & Marshall ). Based on Table 2 , Method 1 provides the highest NS values (closely followed by Method 2), and Method 2 provides better performance measures than the other two methods for low flows and water balance.
Based on the NS and Bias measures, Methods 1 and 2, the meta-modelling and indices-based methods, generally performed better than Method 4, the regression-based method. However, the latter was developed for larger catchments (area greater than 10 km 2 ), and with a broader set of applications in mind, including urban and lowland catchments, whereas the former two were developed specifically to look at upland rural land management. The performance differences may also arise from some of the theoretical limit- (Table 4) , therefore its applicability might be questionable on the basis of low precision. Also, the applicability of Method 2 is limited by its reliance on prior estimates of the flow indices, which would typically come from national databases (in the case study, BFI and CN);
whereas Method 1 allows locally specific land management features and practices, such as locations of tree strips and Method 1: Meta-modelling approach surface storage features, to be explicitly included, albeit at greater computational expense and with the requirement for knowledge of local scale processes (Ballard ; Bulygina et al. ). Method 2, as applied here, also relies on the CN data, derived in the mid-western USA, with doubts about its applicability to UK soils and land management.
Although it was also found to perform well on the Plynlimon catchments by Bulygina et al. () , clearly, more extensive validation tests are required before recommending widespread use of this index. This latter limitation -the assumption about the applicability of the CN data -also applies to Method 3, the time-series performance of which could not be tested as it reports only the T-year daily flood peaks.
Variability of predictions between the methods
To evaluate the variability of the methods in terms of their predictions of land management effects on flood peaks, changes to the 5-and 10-year return period floods were modelled, as well as changes to the largest simulated peak flow.
For the probabilistic methods, the median out of all the samples is used for summarising results. The results generally show that heavy grazing increases flow magnitudes, while afforestation and tree strips decrease flow magnitudes (Table 5 ). For example, at gauge 6:
• Method 3 predicts the highest increase in peak daily flow under heavy grazing (28-34%, depending on return period), and Method 4 gives the lowest increase (3.9-4.1%);
• Method 1 predicts the highest decrease in maximum daily flow under afforestation (17.4-17.9%), and under tree strips (6.2-6.5%); and
• Method 2 provides estimates between those of Methods 1 and 3.
The estimated effects vary significantly between the methods. For example, if the area becomes heavily grazed, the 5-year return period maximum daily flow at gauge 6 is predicted to increase by between 4 and 34% depending on the method used; and is predicted to decrease by between 11 and 18% if the area becomes fully afforested with deciduous trees; and decrease between 1.5 and 6% if tree strips are introduced in the fields under improved grassland. Furthermore, change estimates vary significantly across the samples taken within each probabilistic model run. All the results in Table 5 illustrate that the relative effects of change also depend on existing land management and soil distributions. Areas which are heavily grazed (i.e. the existing catchment under gauge 6) yield higher relative effects when afforestation and tree strips are implemented, while areas with relatively low grazing intensity (as under gauge 9) yield lower relative effects.
Methods 1, 2 and 4 predict that the relative effects tend to be similar for the 5-and 10-year return periods, whereas For Methods 1 and 2, the small increase in effect going from T ¼ 5 to T ¼ 10 years is not significant: it can be explained by the probabilistic nature of the two b Method 1 was not developed for area contributing to gauge 9 (Wheater et al. 2008) . c Method 4 is insensitive to afforestation and tree strips (Calver et al. 2005) .
d Method 3 does not provide continuous time predictions (Hess et al. 2010) . (Table 4) . However, the application of Method 1 in this case has used local measurements to constrain the physics-based and catchment models (Wheater et al. ) , and its accuracy and precision would be expected to decrease without the benefit of these local measurements. The Method 1 predictions are the most sensitive to the considered land management changes ( Figure 3 and Table 5 ), suggesting that the other methods may be underestimating effects. As with the return period analysis, the predicted effects vary significantly between the methods: they range from a 4 to 44% increase in peak flow for the heavy grazing scenario, 16 to 48% decrease in peak flow for the afforestation scenario, and 1 to 8% decrease in peak flow under the tree strip scenario. Both Method 1 and Method 2 estimate relative effects of land management on peak flow to be much larger than the effects on a 10-year return period maximum daily flow; while Method 4 evaluates the effects to be similar (Table 5 ). This may be linked to the differences in the spatial natures of the models, with the latter (lumped) model losing some of the locally intense runoff associated with the change. This may also explain why the latter method performs less well on high flows in general (Table 4 ).
The large difference in results between methods potentially presents a challenge for decision-makers, and to decide which method, if any, to trust, it is essential to under- The methods were assessed using the following assessment strategy: (1) review of the origins, assumptions, strengths and weaknesses behind each method; (2) performance assessment using an upland rural catchment which represents a sample of UK land management issues -the Pontbren catchment in Wales, UK; (3) evaluation of the variability of results between methods when applied to land management scenarios.
The performance assessment of the three methods which generate flow time-series (Methods 1, 2 and 4 above) using historical streamflow data from five gauges at Pontbren showed that the performances (for high flows, low flows and volume bias) were variable for all methods, with no method consistently producing performance which we would regard as good for all gauges and performance criteria. The first two methods, the indices-based and meta-modelling methods, generally performed better than the fourth, the regression-based method. This is related to the distributed nature of the former two methods, and the models they employ were selected specifically for this type of upland application, whereas the latter was designed for more general and larger-scale use in the UK.
Changes in 5-year and 10-year daily maxima due to changes in land management were estimated, using all four methods, to evaluate variability between methods.
The flood flows were estimated for current land management conditions and for three future scenarios: increase in stocking density, full afforestation with deciduous trees, and tree strips introduced at the bottom of all grazed fields. All four methods agreed on the direction of change:
heavy grazing increases the flows, while afforestation and tree strips decrease the flows. At the same time, the estimated magnitude of change is highly variable across methods, and within the probabilistic methods.
The differences in the predictions made by the alternative methods lead to the questions:
(1) what method is best for a particular task; and (2) whether and how the predictions should be combined and assigned relative weights related to their reliability. To answer the first question, careful consideration is needed of the origins and design of the methods in relation to the predictive task at hand, including their evidence base, space and time resolution, suitability of the model structure, the method used for parameter estimation, and performance history. To answer the second question, since model performance can only be evaluated on historical data, the relative reliability of methods for predicting the effects of future land management change cannot easily be resolved. Therefore, it might be recommended either: (1) to keep the whole model prediction range (a prediction ensemble); or (2) to exclude some models with low perceived reliability (as defined by judgement of a user, and/or performance on historic data) from the ensemble, potentially reducing the prediction range. The scope of this paper does not permit conclusions to be made about the general reliability of the four tested methods; but for a Pontbren-type problem it is proposed that meta-modelling approach combined with indices-based regionalisation are more applicable due to their origins, characteristics and performances on relevant historic data.
Taken overall, the results here provide an important and salutary illustration of the challenges in modelling the subtle effects of land management change. In particular, if the uncertainties illustrated above are to be reduced to provide more refined guidance to land management policy, a more extensive set of detailed field data is required, from multiple catchments across the UK, together with continuing intercomparison and refinement of these alternative modelling tools.
